Abstract-This paper presents the localization of a mobile robot while simultaneously mapping the position of the nodes of a Wireless Sensor Network using only range measurements. The robot can estimate the distance to nearby nodes of the Wireless Sensor Network by measuring the Received Signal Strength Indicator (RSSI) of the received radio messages. The RSSI measure is very noisy, especially in an indoor environment due to interference and reflections of the radio signals. We adopted an Extended Kalman Filter SLAM algorithm to integrate RSSI measurements from the different nodes over time, while the robot moves in the environment. A simple pre-processing filter helps in reducing the RSSI variations due to interference and reflections. Successful experiments are reported in which an average localization error less than 1 m is obtained when the SLAM algorithm has no a priori knowledge on the wireless node positions, while a localization error less than 0.5 m can be achieved when the position of the node is initialized close to the their actual position. These results are obtained using a generic path loss model for the trasmission channel. Moreover, no internode communication is necessary in the WSN. This can save energy and enables to apply the proposed system also to fully disconnected networks
I. INTRODUCTION
This work has been carried out within the RAMSES2 project (integRation of Autonomous Mobile robots and wireless SEnsor networks for Surveillance and reScue) . The RASMES2 project aims at integration of Wireless Sensor Networks (WSN) with autonomous mobile robots, leveraging on the complementarities of WSN and robots. The project aims at developing strategies to enhance the performance of both systems and enable novel functionalities, in particular in the context of surveillance and rescue.
In this work, results on the Simultaneous Localization of the robot and of the Mapping of the wireless nodes in the environment (SLAM problem) are reported. The SLAM problem is frequent in scenarios in which an a priori map of the environment is not provided or cannot be conveniently created. Thus, if the environment model is unknown or it is subject to unexpected variations, as in case of fire or crashes, it is necessary to apply map-building techniques which require suitable sensors. the use of one or more mobile nodes mounted on board of robots.
Several authors make use of sensors that can measure both the distance and the angle ( e.g., laser [7] or sonar [21] ) of the robot with respect to reference objects. Other solutions, based on less expensive sensors, make use of the angle measure only [14] . Active Bat [19] is one of the first localization systems based only on range estimations, which are obtained by measuring the time of flight of acoustic (ultrasound) impulses emitted by the mobile unit to reach some ceilingmounted receivers. When the receivers are 1.2 m apart, the system is proved to have localization errors of less than 14 cm in more than 95% of the cases. A more advanced system, called Cricket [18] , uses a combination of RF and ultrasound technologies to provide location information to attached host devices. Basically, the system consists of a number of preinstalled beacon nodes that periodically broadcast a radio signal and a ultrasonic pulse. Comparing the time interval between the reception of the radio signal (which propagates at speed of light) and the acoustic pulse (which propagates at the speed of sound), the receiver is capable of performing a fairly accurate ranging. Cricket offers localization errors less than a few centimeters with beacons placed from 1 up to 1, 5 meters apart.
In several works, ranging is obtained from the Received Signal Strength Indicator (RSSI), through the inversion of the path-loss law governing indoor radio propagation. This approach offers the advantage of being readily employable in any radio device, since the RSSI is typically provided by any radio transceiver. On the other hand, the range estimate is usually very imprecise due to the stochastic nature of the radio propagation. One of the first systems based on pure-RSSI ranging is RADAR [1] , in which a pre-built RSSI map of the environment is used to determine the most likely position of the strayed node according to the power received from beacons. Radar achieves an accuracy of 2 meters in 50% of the cases. However, it requires a notable effort for building the RSSI map. Furthermore, the system is incapable of adapting to variations of the propagation environment due, for instance, to moving elements (furniture, desks, chairs, doors, etc...). In [15] , Sichiuti e Ramadurai adopt a Bayesian approach to localize PDAs equipped with IEEE 802.11 communication as static target nodes, while the mobile element was a remotely controlled truck carrying a PDAs and a GPS sensor. The localization error obtained through this approach is generally below 3 meters.
The localization problem becomes more complex when the position of the landmark is also unknown, in which case we better speak of SLAM (Simultaneous Localization and Mapping). Kurth, et al [10] have developed a SLAM system based on the time of flight of only radio signals. The localization error, however, is nearly one meter. Pathirana et al. estimated the position of the nodes of a Delay-tolerant sensor network measuring the received signal strength (RSSI) of the radio messages received by a mobile node mounted on a Lego Mindstorm robot [11] . Here, a Robuts Extended Kalman Filter (REKF)-based state estimator solves the localization given the RSSI measurements. Thier system requires a careful tuning of the parameters of the communication channel and of the weights associated to the measurements. Shenoy and Tan present a system in which a mobile robot can be navigated to the event location by the un-localized sensor nodes, which in turn are finely localized by the mobile robot [13] . The localization is achieved by building bounding boxes representing the communication range of the mobile node. Accumulating this information, while the robot moves, shrinks the bounding box and then increase the accuracy of the localization of the nodes. Unfortunately, this system was implemented in simulation only.
In this paper, we report experiments in the field a SLAM algorithm for localizing the sensors in the WSN and simultaneously tracking the motion of the mobile robot. The algorithm makes use of two types of inputs: the RSSI that the robot collects from the nodes in the WSN and the robot odometry. Our experiments have been performed indoor, which is recognized as a much more hostile environment for self-localization schemes [15] , [12] .
Our approach is very similar to the one presented by Sichitiu et Ramadurai in [15] . They used PDAs equipped with IEEE 802.11 communication as static target nodes, while the mobile element was a remotely controlled truck carrying a PDAs and a GPS sensor. The position estimation is based on the different measurements of the RSSI received by the static nodes while the transmitting mobile node is moving. Each node applies Bayesian inference to refine its position estimation at each received message.
II. THE INFRASTRUCTURE
The testbed used for the experiments consists of an autonomous mobile robot and of a WSN composed of a dozen of wireless sensor nodes.
A. The Wireless Sensor Network
The Wireless Sensor Network is composed of EyesIFX sensor nodes, produced by Infineon Technologies The EyesIFX can be programmed and powered via USB for easy interconnection with other digital devices [3] , [4] . Each wireless node is equipped with a radio interface that provides 19.2 kbps transmission rate by using an FSK modulation in the 868.3 MHz band. The platform is fitted with light and temperature sensors. Furthermore, an integrated Received Signal Strength circuit can be used to estimate distance.
B. The robot
The robot is a wheeled custom designed robot based on the Pioneer 2 by MobileRobots Inc, see Fig. 1 . The robot is equipped with a standard ATX motherboard with an Intel 1,6 GHz Intel Pentium 4, a 256 MB RAM and a 160 GB hard disk, running Linux OS. The only on-board sensors are: an omnidirectional camera (composed of a standard CCD camera and a convex omnidirectional mirror) and the odometers connected to the two driven wheels. Communication are provided by a PCMCIA wireless ethernet card toward the laboratory Intranet and by an EyesIFX node connected to one of the robot's USB ports toward the WSN. The EyesIFX sensor is mounted on top of the omnidirectional camera.
Mounting an EyesIFX node on the robot enables to integrate the robot in WSN. Thus, among the rest, the robot itself can act as a gateway for the WSN services. To seamless use the special command set of the EyesIFX mounted on the robot from the robot control software, we exploited the robotics architecture MIRO [9] , [17] .
Miro is a distributed object oriented framework for mobile robot control, based on CORBA 1 technology. The Miro core components have been developed in C++ for Linux, but due to the programming language independency of CORBA further components can be written in any language and on any platform that provides CORBA implementations. The Miro core components have been developed under the umbrella of ACE 2 , an object oriented multi-platform framework for OS-independent interprocess, network and real time communication. They use TAO 3 as their ORB 4 . TAO is a CORBA implementation designed for high performance and real time applications.
III. MIRO EYESIFX SERVICE
Miro supports several robot sensors such as: lasers, kickers, sonars and several camera types. Miro also supports the most used wheeled robot platforms like: Pioneer bases, Sparrow bases and B21 bases. Unfortunately, there are no 1 Common Object Request Broker Architecture 2 Adaptive Communications Environment 3 The ACE ORB 4 Object Request Broker MIRO modules to support communication with a WSN. Thus, we wrote a new Miro service to allow bidirectional communications between the WSN and the robot (or eventually, the robots). This was done by extending the Server Miro class. The new Miro service is called Eyes Service.
We created an Eyes Message object as an unique structure to send or receive data between the WSN and the robot. The message is an ordered buffer filled with: the command to be send (or received), the message options and the data.
Conversely, the communication process is managed by two different classes: the EyesConnection class and the EyesEvent class. The first class takes care of the communication from the robot to sensor (and so, toward the WSN). The second class takes care of the communication from the sensor to the robot (and so, from the WSN). This class is an object wrapper for the event handler registered with the ACE ReactorTask.
To use the services of this structure, we exploit TAO services, in particular the Name Service. When the Name Server is running, one can share services easily adding them to a server or one can ask for a service with a request to the Name Server. We use this service with the multicast support which hides also the Name Server address. TAO implements several ways to share data, we decided to use the producer/consumer paradigm. TAO translate this in a supplier/consumer structure wich needed a Notify Channel to share data. Therefore, every time new data are available from the WSN, these are pushed on the robot and are ready to be read by the robot software.
IV. ESTIMATION OF THE ROBOT-NODE DISTANCE
As we said above, the distance between the robot and each node of the WSN is estimated measuring the RSSI of the RF signal. Since the RSSI can be calculated directly by most radio transceiver, it allows for a (rough) range estimation without the need of specialized hardware, with an advantage in terms of device's cost and size. Another advantage of RSSI-based ranging is that it does not require the node to be in line of sight with the robot, since the RF signal passes through obstacles as persons, furniture or even walls. On the other hand, the range estimate based on RSSI measures is rather unreliable and subject to random fluctuations due to a number of environmental factors, such as temperature, humidity, daytime, presence of metal obstacles, and so on [16] . The radio propagation in indoor environments is even worse due to multiple reflections that generate multi-path self-interference [8] . In fact, Djugash et al. in their famous 2006 paper [6] wrote: "While ranging with radio remains the eventual goal, practical implementations are not available yet.", probably meaning that the range measurements from RF are too noisy to be useful in indoor environment. However, our approach proved to be successful in such a challenging environment.
A. Channel Model and Characterization
To estimate the distance between two devices by measuring the RSSI, one needs to know the model of the transmission channel. According to [8] , an accurate model of the indoor channel is difficult to obtain. However, we do not want to model the specific test environment, but we aim at developing solutions as general as possible. Therefore, we consider a simple and generic path loss channel model, in which the generic i-th node, placed at distance d i from the transmitter, receives a signal with mean power P i (in dBm) given by:
In (1), P T x is the nominal transmission power (in dBm), K is a unitless constant that depends on the environment, d 0 is a reference distance for the antenna far field, and η is the path loss coefficient. The term Ψ i denotes the random attenuation due to shadowing, which is generally assumed to be Gaussian, with zero mean and variance σ 2
The power measure (in dBm) can be obtained through a linear conversion of the RSSI measurements returned by the node transceiver.
The path loss model parameters K, η and d 0 have been estimated from the collected RSSI measures according to a mean square error criterion. The deterministic path loss model parameters are P T x +K = −30.5 dB, η = 1.5, and d 0 = 10 cm., whereas the shadowing term Ψ i , as expected, can be fairly well approximated by a Normal random variable with mean µ Ψ −0.0348±0.0860 dB and standard deviation σ Ψ 6.339 ± 0.0614 dB, where the range corresponds to the 95% confidence interval. The resulting model is plotted as a blue solid line in Fig. 2 .
The channel model parameters have been characterized for the same environment where we the SLAM algorithm was tested. Nonetheless, we observe that this choice does not limit the generality of the approach nor the validity of the results. In fact, it is reasonable to assume that the channel parameters of a given environment are determine in advance by the static wireless sensor network and, hence, transferred to the robot when it enters the environment. In any case, we have run the SLAM algorithm over the same set of collected measures but with a channel model characterized for a totally different environment. We observed that the results achieved by the algorithm in the two cases were qualitatively comparable, thus confirming the robustness of the algorithm to the radio channel characterization. The comparison has not been reported here for space limits.
B. Filtering noisy measurements
In indoor environment, the RF signal used by the wireless nodes is strongly affected by interference and multi-path problems. This results in measured RSSI values which are way too high or way too low with respect to the expected measure for that distance. To limit these effects, we prefiltered the RSSI measurements taking into account the odometry information. If the robot moved a short distance between two consecutive measures, the RSSI measured in the second robot position cannot change too much from the first measure. However, we do not know (yet) if the robot is approaching the node or moving away from it. The best we can do is to to consider the two extreme cases of total approach and of total moving away. Let us consider the example of Fig. 3 . The robot is at position A and moves to position B, the path length is AB and the node is sitting in the known position D. If one projects the distance AD over the line BD, one finds the new point C. The lenght of the segment CD is the distance from the node D before the motion to B. After the motion, the two extreme cases are to end in C (i.e. CD − AC) or to end in C (i.e. CD + AC). The actual displacement will be within these two extremes. Therefore, we even out the actual RSSI measures received in C to the maximum expected RSSI (i.e. the one corresponding to C') or to the minimum expected RSSI (i.e. the one corresponding to C ). Fig. 3 . A sketch of the two extreme situation of the robot total approach and of total moving away with respect to a transitting node to understand the pre-filter to even out the measured RSSI. Fig. 4 plots the improvements on the RSSI estimation obtained thanks to the pre-filtering of the actual RSSI measurements in a typical experiment. The blu line is the measured RSSI, the red line is the RSSI obtained after the pre-filter, and the magenta line is the expected RSSI considering the channel model discussed in Sec. IV-A and the actual distance between the robot and the transmitting node. One can see that the pre-filtering cannot guess the correct expected values, but that the red line is closer to the magenta line than the blue one. In particular, several peaks and valleys are evened out. Extensive experiments (not reported here for paper space constrains) proved the effectiveness of this very simple filter. 
V. SLAM ALGORITHMS
The SLAM algorithm used in this work uses an Extended Kalman Filter (EKF) and is very similar to the one presented in [6] , so we will use the same formalism. The robot state (pose and heading) at time k is q k = [x k , y k , θ k ]. The motion model of the system is:
where ν k is a noise vector, ∆D k is the odometric distance traveled, and ∆θ k is the heading change both measured by the robot's odometers. The system state matrix A(k) is given by the Jacobian:
The input matrix B(k) is given by the Jacobian:
When a new input from the odometry u k is available, the robot state is updated with motion equation Eq. 2. The standard equations of the EKF updates the covariance matrices. When a new range measure between the robot in the state q k and the node in the position (x n , y n ) is available, it an be expressed as:
The above formulas are for the robot localization only, but in the case of SLAM also the wireless node must be localized so the new vector of state of the system is:
Also the matrices A(k) and B(K) must be modified an they become:
Now the time update doen not change with respect to what is written in Eq. 2, but for the measurement update the Jacobian H(k) must be calculated considering that also the wireless node position has to be updated. Note that the only terms non zero in H(k) are the ones relative to the robot position and those relative to the node corresponding to the current measure.
A. Initial estimation of node position
At the start-up, the EKF needs to be initialized with a first guess position of the node to be located. Trilateration was used to guess the position of the node. Trilateration can find the position of an object D by knowing its distance from n objects (provided they do not lye on a line) see Fig. 5 . This is done by looking for the intersection of the circumferences centered in the reference objects and with radius equal to the distances from object D. We used least-square method to find the intersection point and therefore the position of D. Once the first guess on the coordinates of the new node is obtained, this can be inserted in the EKF by expanding it and the other matrices. In particular, we expand the covariance matrix by inserting the current robot covariance summed to the mean covariance of the measures used in the trilateration.
The sketched in Fig. 6 can help to summarize up the data flow in the SLAM algorithm adopted in this work. First the RSSI is measured, then the RSSI values are even-out by the pre-filter. These values are fed together with the odometry 
VI. EXPERIMENTS
In this work we present two kind of experiments: (i) the simultaneous estimation of the location of the robot and of the locations of the nodes of the WSN, without any prior knowledge of the node locations; (ii) the simultaneous estimation of the location of the robot and of the nodes starting from a rough guess close to the real position. This second experiment relates to a scenario in which a human operator (or a loosely localized robot (like the helicopter reported in [2] ) drops wireless nodes along his/its path and records a first localization that needs to be further improved.
The experiments were performed in the 30 m long and 6 m wide corridor depicted in Fig. 7 . The mobile robot and a WSN composed by 8 nodes where deployed in a 6x3 meter area as depicted in Fig. 7 . The final SLAM experiments are reported in Fig. 8 and Fig. 9 .
VII. DISCUSSION
The final result of our experiments is that the proposed approach can achieve a mean error on the position of the wireless sensor nodes between 0.5m and 1.0m. This is obtained with an on-line algorithm that updates the SLAM state variables every time a new measure is received. A second optimization step could be added in which all data collected are re-processed with a bunch process. This could also enables to keep only the best RSSI measures on the complete path.
An evidence of our work is that our approach is strongly relying on the initial guess of the node position. In Fig. 10 are reported the average final errors obtained by the SLAM algorithm for the robot localization and for the nodes' positions. With respect to Fig. 10 , XTE and ATE are respectively the Cross-Track mean Error and the Along-Track mean Error; Cartesian is the mean error on the Cartesian distance between the estimated robot position and the ground-truth; Nodes is the mean error on the Cartesian distance between the estimated and the actual nodes' positions. The series 1,2,3 in Fig. 10 are those referring to the experiments with the triangulation algorithm to initialize in the SLAM the position of the newly encountered nodes along the path. The series 7,8,9 in Fig. 10 are those referring to the experiments in which a good first guess close to the real position of the node is given to the SLAM system. The good first guess is generated for every node randomly in a 2 meter range from the actual node position with an associated variance initialized to the average error for that distance as estimated from the RSSI curve. In the latter case the residual error is almost half of the one achieved in the first case. Therefore, a more robust system to estimate the first guess on the node position is needed.
One should also note that in Fig. 10 the standard deviation associated to the residual error on the nodes' positions is very large (the lines over the bars of the histogram). This is because there is a big difference in the initial guess of the node position among the different nodes. Some were initialized with a position wrong by over 4 m, other nodes where initialized with less than 1 m error. This is because the first guess is strongly depending on the path of the robot and on the structure of the environment. Thus, a lot of measures are required to bring to convergences these nodes with a large initial error (but most of the time we do not have enough measurements, see the Future Work section).
The differences within the two series of Fig. 10 are given from the way in which multiple measures received at the same position are managed by the SLAM system (and this occurs when the robot is steady or is turning on a spot). In series 1,7 when the robot is steady , only the first three measures in chronological order of reception are inserted in the SLAM algorithm. In series 2,8 when the robot is steady, only the three measures with highest RSSI are inserted in the SLAM algorithm (i.e., the SLAM state is updated only when the robot moves again). In series 3,9 a fully off-line approach is tested and only the 40 measures with the highest RSSI for each node are inserted in the SLAM algorithm. There are no substantial differences among the three, so the simplest approach (i.e., the first) is adopted.
VIII. CONCLUSIONS AND FUTURE WORKS
This paper reported experiments on the SLAM of a mobile robot and a WSN in a indoor environment. Moreover, we decided to use only range-measurements coming from the RF messages of the WSN estimating the RSSI of the messages of the WSN.
The SLAM algorithm is based on an extended Kalman filter and it was proved to be able to correctly localize the robot and to correctly find the position of the nodes of the WSN both starting from no a priori information and by starting from rough initial estimations of the wireless nodes' positions. These can easily provided by a human (or an automatic system) when deploying the network.
Results are good and they are similar to previous works in which a robot is used as a mobile wireless node and much better (almost a factor 4) than those obtained by of node localization algorithms exploiting only static nodes. However, these results are very good if one consider they were obtained: (i) in an indoor environment, (ii) without any calibration of the receiving/transmitting systems on the nodes, (iii) without a specific model of the actual communication channel of the environment in which the experiments where performed, (iv) exploiting only the RSSI measures to calculate the robot-node distance, (v) no node-to-node communication has been used.
Much better results on the experiments with the no apriori knowledge would be obtained, if we could have a better initial guess of the wireless nodes' positions. We are working to improve triangulation by generating an appropriate robot path in the exploration steps. An interesting future work will be the automatic planning of the robot path driven by the aim of minimizing the residual error affecting the position estimation of each node. One could study techniques to move toward (and possibly around) those nodes with the highest residual error to lower it.
On the other hand, we also will test the new algorithm recently developed by Djugash et al. [5] for the RF and ultrasonic range measurement Pinpoint device [20] on our RF-only setup. This new algorithm is reported to be "robust to poor initialization, and even no initialization, infrequent measurements, and incorrect data association".
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